Many hospitalized children in developing countries die from Background: infectious diseases. Early recognition of those who are critically ill coupled with timely treatment can prevent many deaths. A data-driven, electronic triage system to assist frontline health workers in categorizing illness severity is lacking. This study aimed to develop a data-driven parsimonious triage algorithm for children under five years of age.
Introduction
Infectious diseases contribute to most deaths of children under five worldwide 1 . Sub-Saharan Africa has the highest under-five mortality rate in the world, with one child in 13 dying before his or her fifth birthday 1 . Death from infectious diseases is commonly due to a shared final pathway: sepsis, a dysregulated immune response leading to multi-organ dysfunction 2 . Sepsis mortality rates in Africa are eight times higher than North America 3 .
More than half the cases of infectious disease-related child mortality are preventable through prompt diagnosis and early initiation of emergency treatment 1 . Triage, the practice of prioritizing patients for treatment based on the severity of illness, is critical to ensuring timely treatment 4 . Triage systems in low-income settings continue to face challenges including limited numbers of expert clinicians and lack of adequately trained health workers 4,5 .
The World Health Organization (WHO) advocates the use of the Emergency Triage Assessment and Treatment (ETAT) guidelines to triage sick children in resource limited settings. The ETAT system is widely adopted in low and middle income countries (LMICs), where effective implementation has seen reductions in inpatient child mortality rates in Malawi and Sierra Leone 6,7 . However, ETAT relies greatly on training, memorization, and clinical competence of the triage examiner rendering implementation difficult, and uptake uneven [8] [9] [10] . Moreover, ETAT was largely developed by expert opinion and the predictive ability of each sign and symptom has not been evaluated. ETAT relies on clinical decision rules which may limit generalizability, while the manual mechanisms of implementation provide little opportunity for monitoring and feedback, and there is limited ability to update it 11 . One solution to these shortcomings is a more data-driven approach to strengthen triage systems at first contact in developing countries to facilitate timely and effective treatment. A data driven approach that can provide real time individualized risk prediction, is easily updated, and can monitor quality indicators may be better than expert opinion-based triage guidelines.
The purpose of this study was to develop a novel parsimonious triage algorithm for children under five years of age that can be integrated into a mobile device, using need for hospital admission as an indicator of risk. This study aimed to develop a data-driven triage tool that will enable low skilled frontline health workers to identify critically ill children at the time of presentation to the healthcare facility so that timely lifesaving treatment can be instituted.
Methods
This report was written in accordance with STROBE guidelines 12 . A completed STROBE checklist is available 13 .
Ethics statement
This study was conducted at the Kenya Medical Research Institute (KEMRI)-Wellcome Trust Research Programme (KWTRP), and ethics approval was obtained by the KEMRI's scientific and ethics review committee (certificate number, SERU/3407). The initial approval date was May 16 th , 2017. Parents or caregivers of eligible children provided written informed consent prior to enrollment by the study nurse. Consent was deferred in emergency cases and taken after the child was stable to avoid introducing any delays.
Population
This prospective observational study was conducted between January and June 2018 at Mbagathi County Referral hospital in Nairobi, Kenya. Mbagathi hospital is a public funded, countylevel health facility that provides primary referral services for Nairobi County but also serves patients who directly present for treatment. Its catchment includes the surrounding area, including nearby informal settlements. The outpatient department (OPD) serves over 20,000 children per year and is staffed by one or two nurses who conduct triage and administer treatment, two or three clinicians who review patients and issue prescriptions, and one additional nurse who administers treatment and provides counselling to caregivers of children. The hospital admits approximately 2,500 paediatric patients per year.
Eligibility
Children aged 2-60 months presenting to the paediatric OPD for medical treatment on weekdays between 8:00 am and 5:00 pm were eligible for enrollment. Patients coming for elective procedures, such as elective surgery or for cardiac follow up, were excluded from the study.
Study procedures
A study nurse competent to provide care and attend to emergencies was recruited and trained on study specific procedures and research ethics. The study nurse was expected to assist with emergency resuscitation if required but not expected to perform routine duties. Following introduction and orientation to hospital staff, the study nurse was stationed at the OPD, alongside hospital staff (nurses and clinicians). Children who presented to the OPD during study hours that did not require emergency treatment were screened for eligibility by the study nurse. For emergency cases (determined by hospital staff), treatment was started immediately, and data collection by the study nurse began only after emergency treatment initiation.
After consent and enrollment, the study nurse obtained patient history of presenting illness and performed clinical examination using a standardised checklist. The study nurse then entered all observations into a mobile data collection app on a tablet. This app recorded automated measurement of oxygen saturation and heart rate data using a pulse oximeter (LionsGate Technologies, Inc.) attached to the tablet and respiratory rate via the embedded RRate application 14 . A total of 17 continuous variables and 37 categorical variables were selected for capture (54 in total), including patient demographics, anthropometric measurements, vitals, and clinical signs and symptoms ( Table 1 ). The patient was then reviewed by the hospital clinician on duty at the OPD who, without access to the study data, assessed the child, allocated treatment, and independently decided on whether or not to admit the patient or continue Oxygen saturation (transformed based on saturation gap*) 
Respiratory distress

Outcome
The primary outcome was admission to hospital for greater than or equal to 24 hours. After assessing the child, the attending clinician independently decided on whether to admit the patient for further care in the hospital.
Data management
Each participant was assigned a unique study identification number upon registration. Clinical observations and vital sign measurements were collected with a custom, password protected application, on a Dell Venue 7 ® tablet and uploaded every day to a secure REDCap database 15 , hosted on a KWTRP server.
Statistical analysis
All statistical analyses were performed using R (3.5.1) 16 .
Candidate predictor variables
Candidate predictor variables were selected based on a combination of a literature review, availability, and ease of measurement in resource-limited facilities 17 . A physiological transformation of the oxygen saturation (using a virtual shunt concept) was used to address the non-linear relation between oxygen saturation and impairment of gas exchange. Transformation was based on the saturation gap [49.314× log 10 (103.711-SpO2)-37.315], which has been demonstrated to improve the fit of logistic regression models 18 . This transformed SpO 2 was not available to the clinician but only calculated during analysis. All variables were assessed using univariate logistic regression to estimate their level of association with the outcome.
Missing data
Participants missing greater than 50% of predictors or missing the outcome variable were excluded from multivariate analysis. The remainder of missing data were assumed to be missing at random and imputed using multiple imputations by chained equations (MICE) 19 . Ten imputed data sets were created and checked visually for similarity. Model development procedures were performed separately on each imputed data set and the results were pooled using Rubin's Rules 20 . If missingness was minimal, measures to evaluate model performance would be performed on one randomly selected imputed data set.
Model development and internal validation
Candidate predictors with less than 10 events per variable were not selected for inclusion in the final model to reduce the potential of overfitting 21 . When similar information was collected both continuously and categorically, continuous variables were preferred 21 . Continuous variables were assessed graphically for linear associations with the outcome and transformed where appropriate. Predictors to be included in the final model were selected using recursive feature elimination (RFE) 22 with repeated 10-fold cross validation (computed via the caret package in R; v6.0-79) 23 . RFE eliminates features by fitting the model multiple times and at each step, removing the weakest predictors, determined by the coefficient attribute of the fitted model. The best subset of predictors is based on the model with the lowest cross validation error. Further inclusion into the list of variables was made based on clinical knowledge. The list of predictors included in the final model was checked for collinearity indicated as variance inflation factor > 5 or absolute correlation coefficient > 0.9. A five-time repeated 10-fold cross validation procedure was applied to all performance evaluation measures for internal validation 21 .
Model discrimination
Model performance was primarily estimated as the area under the receiver operating curve (AUC). Low-and high-risk thresholds were selected to stratify participants into three triage groups (non-urgent, priority, emergency). The low-risk threshold was selected with the goal to maximize sensitivity in order to limit misclassification of emergency and priority cases as non-urgent (avoiding false-negatives). Specificity was used for selection of the high-risk threshold to maximize correct classification of emergency cases (avoiding false positives) in order to optimize resource utilization such that children in need of immediate treatment do not experience delays. A risk stratification table was used to evaluate model classification accuracy, defined as the ability of the model to separate the population into risk strata, such that cases with and without outcomes are more likely to be in the higher and lower risk strata, respectively. Performance characteristics (sensitivity, specificity, positive and negative predictive values, and positive and negative likelihood ratios) were calculated for each triage group.
Model calibration
Calibration was assessed with the GiViTI calibration belt and the associated likelihood based test [24] [25] [26] . The calibration belt is a graphical representation of the relationship between the estimated probabilities and observed outcome rates of a fitted polynomial logistic regression model.
Results
Participants
Over the 6-month recruitment period, 10,621 children were seen at the OPD and a sample of 1,132 participants were enrolled in the study (Figure 1 ). Of these, 23 were excluded from multivariable analysis as they were older than five years (N=5), missing more than half of the predictor variables (N=5) or missing the outcome (N=13). Demographic data, alongside all other variables measured, are available as Underlying data 27 .
The median age of admitted participants (N=138) was 13 months (IQR 8 to 23), compared to a median age of 16 months (IQR 10 to 30) for discharged participants (N=971) ( Table 2 ). The proportion of males in the admitted and discharged groups was 62% and 45%, respectively. Of the admitted participants, 37% were urgent referral cases and 86% were consented after emergency treatment ( Table 2 ). Rate of overnight hospital admission was 12% (N=138). Three categorical variables, apnoea, bleeding, and newly onset hemiparesis, had events per variable below 10 and were not included in multivariable analysis ( Table 2) .
Missing observations were minimal (≤ 3% missing per predictor) and results were near identical across each of the 10 imputed data sets ( Table 2 ). Univariate analysis revealed that many variables had a significant association with the outcome ( Table 2) . Of these variables, data collected after emergency treatment had the highest AUC: 0.80 (95% CI 0.74 to 0.85).
Final multivariable model
The final model was reduced to 8 predictor variables (Table 3) and achieved an AUC of 0.88 (95% CI 0.82 to 0.94) ( Figure 2 ). The model, at a low risk threshold of 5%, had a sensitivity of 97% (95% CI 91% to 99%), and a specificity of 54% (95% CI 45% to 58%) (Table 4) ( Figure 2 ). In the model derivation cohort, the positive predictive value was 22% (95% CI 20% to 26%), and the negative predictive value was 99% (95% CI 98% to 100%). At a high-risk threshold of 25% the model attained a specificity of 91% (95% CI 83% to 95%) and a sensitivity of 62% (95% CI 53% to 79%). The positive and negative predictive values were 50% (95% CI 39% to 64%) and 94% (95% CI 93% to 97%), respectively.
The calibration belt and associated likelihood ratio-based test suggest the model is well calibrated (p = 0.715) (Figure 3 ). The majority of participants identified in the non-urgent category (46.7%, n = 519) had low rates of admission (7.9%, n = 11) (Table 4 ). Participants in the emergency category (15.5%, n = 172) had high admission rates (57.2%, n = 79). This is much greater than the population prevalence of admission (12.4%), as reflected by the high positive likelihood ratio (PLR) associated with this category (6.88, 95% CI 4.23 to 11.20). [28] [29] [30] and what is often included in international guidelines 31 . After internal validation, the model affords high discrimination, with an AUC of 0.88 (95% CI 0.82 to 0.94) and good calibration (p = 0.715).
Clinical interpretation
Triage of children is typically categorized into three levels of risk (emergency, priority, and non-urgent). If using a risk threshold of 5% to differentiate non-urgent from priority and emergency cases, the model showed 97% sensitivity and 54% specificity ( Figure 2 ). The high sensitivity demonstrates good ability of the model to accurately identify non-urgent cases (rule out). This is not without a cost of specificity, evident in the ratio of one true positive to 19 false positives (Table 4 ). However, in the case of triage this trade off may be acceptable to ensure that priority and emergency cases are not misclassified and treated as non-urgent. This is reflected by the negative likelihood ratio which suggests that the 47% of participants that were categorized as non-urgent are 20 times less likely be in need of hospital admission compared to participants categorized as priority or emergency (Table 4) .
Using a risk threshold of 25% to identify emergency cases, the model attained 91% specificity and 62% sensitivity ( Figure 2) . A highly specific model can be useful in correctly ruling in participants categorized as emergency, illustrated by a ratio of one true positive to only three false negatives (Table 4 ).
In the case of identifying emergency cases, high specificity is crucial to optimize time and resource allocation to children, who are truly in need of emergency treatment. The positive likelihood ratio suggests that the 16% of participants in the emergency category are 6.88 times more likely to need hospital admission compared to participants categorized as priority (Table 4 ). The associated sensitivity cost is less important in this case as correct identification of emergency cases holds precedence and children who are incorrectly classified as priority cases will still receive prompt assessment.
Of children who required hospital admission, 92% were assigned into the priority and emergency triage categories, while the majority of non-outcome cases were assigned into the nonurgent category (Table 4 ). This suggests good risk stratification capability.
Strengths and limitations
This study represents a step forward in strengthening triage systems in developing countries beyond ETAT guidelines by presenting a data-driven prediction model to be integrated into a real time electronic digital platform. There is increasing evidence to suggest that mHealth (use of mobile devices with software applications to provide health services and manage patient information) can be used to strengthen health systems 32 . The computing power and display capability of even the entry level smartphones in low resource settings can be used as platforms to implement clinical prediction models 33 . The digital platform also allows for real time monitoring of user performance and compliance and optimization of work flows. In addition, pulse oximetry can be conducted with mobile device by attaching low-cost sensors to enable objective measurements and alleviate the need to perform manual data entry of values read from a separate monitor 30, 33, 34 . The inclusion of RRate, an app for measure respiratory rate by tapping on the screen also enables faster collection of respiratory rate with less effort than counting breaths 12 . ETAT has faced implementation issues in developing countries due to the intensive training required to enable health workers to effectively assess 18 clinical signs 9 . The data-driven model is comprised of eight objectively measurable or parent reported variables, minimizing need for subjective assessment and clinical expertise. Integration of this eight-predictor model into a mobile device would result in a simple, low cost triage tool that is easily implementable in low resource health facilities.
The objectivity of five of the predictors would significantly support their adoption by lower skilled health workers. Having one study nurse perform data collection prevented introduction of inter-examiner measurement bias. However, due to time constraints, the study nurse did not have time to record information on participants that did not meet the inclusion criteria. The outcome variable (decision to admit) which was based on the opinion of the facility clinician on duty, was subject to interexaminer variability. Opinions between physicians vary and are impacted by training, resource constraints, exposure and expertise.
A significant limitation of this study was the use of admission as a surrogate for acuity. Need for hospital admission is difficult to assess and may not accurately reflect a state of critical illness in children. We accounted for this by considering only children admitted for at least 24 hours as outcome cases. Furthermore, many predictors used in modelling were likely used by the facility physicians in outcome ascertainment. This inherently biases the model in favour of the chosen variables. Future studies should capture hospital outcomes as well to help inform the triage model.
Some risk factors could not be used in multivariable analysis due to low prevalence in the study population. This may indicate need for a study with a larger sample size. When a single sign or symptom with low population prevalence, such as unconsciousness, is well known to indicate risk this should be used as a danger sign prior to the use of any risk prediction tool. Risk prediction within a mobile app is only necessary when multiple predictors are required to augment the prediction. Alternatively, if these danger signs are easy to assess and strongly correlated with admission, these predictors may be treated as independent triggers for admission. This cascade of decision rules can be readily implemented in a digital platform with the complexity hidden from the user.
A further limitation was the poor signal quality for oxygen saturation (50% of participants had a signal quality index of less than 80%). Nevertheless, the finding of oxygen saturation as a strong predictor of overnight hospital admission is consistent with existing literature 28, 35 . This could be improved with enhanced training and optimized technology.
Finally, the lack of external validity poses a significant limitation to this study. Implementation and performance assessment of the model in varied geographical locations, seasons, and with different disease prevalence and severity is needed to determine generalizability.
Conclusion
A data-driven electronic platform-based approach could potentially improve triage by low skilled frontline health workers in children under the age of five in low resource settings. A triage model comprised of five objectively measurable variables (transformed oxygen saturation, pulse rate, temperature, weight, MUAC) and three parent reported variables (lethargy, inability to drink/breastfeed, difficulty breathing) had good discrimination, calibration, and internal validation. External validation of this model is required before integration into an effective triage system for children in low resource settings. I am not sure of the qualifications and experience of "two or three clinicians". Are these doctors, nurses, clinical assistants, or any other category of staff?
Data availability
Eligibility
It is not clear from this statement as to whether children with trauma, burns, or acute surgical conditions would have been seen in the paediatric OPD. It does seem from the table of candidate predictor variables ( Table 1 ) that trauma patients were included, but it would be useful to clarify this, as in many settings trauma patients are not seen by the paediatric teams.
Study procedures
It seems that children who did require emergency treatment would only have been seen by the study nurse after receiving therapy, and so the data collected would not have been the presenting findings. To what extent could the results have been affected by this (particularly as 86% of the admitted participants were seen after emergency treatment)?
The oxygen saturation was presumably measured while in room air (that is not specifically stated in the methods), but that information seems essential to the estimation of the transformed saturation.
To what extent could the data regarding saturation have been affected by the fact that Nairobi is at nearly 6000ft above sea level?
Outcome
The outcome recorded was admission to hospital for 24 hours or longer. Unfortunately, that means that children who were inappropriately sent home (and perhaps died or sought help elsewhere) were not picked up in the study. It also means that there is no differentiation between an acute illness that needs urgent intervention and a more chronic illness that requires admission and investigation (but possibly not immediate life-saving therapy).
Results
It would have been useful to have a sense of the age-spread of the study population, and the profile of reasons for admission.
It is demonstrated that 35 patients had missing data for oxygen saturation and heart rate. Was the missing data primarily in the group who were admitted, or was it evenly distributed across the groups? Clearly one is concerned that saturation data may be more difficult to achieve in very sick children.
It seems strange that the 3 children with "uncontrolled bleeding" and the 3 children with apnoea did not require admission. Both events would seem as if they were good reasons for admission. Similarly, it seems strange that 6 of the children with "newly onset hemiparesis" were not admitted to the hospital.
Discussion
As highlighted by the authors a major limitation of the study is that hospital admission was used as a surrogate for acuity of illness. In addition, there was probably overlap between the criteria used by the research team and those used by the clinical team which may have biased the study.
